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A B S T R A C T   
Marine zooplankton are increasingly being affected by recent environmental changes, such as climate change, and respond with profound spatial relocations and 
shifts in phenology and physiology. In order to predict whether populations are able to persist or adapt to such new conditions, it is essential to understand the 
molecular basis of such adaptations, which ultimately get translated into these physiological responses. To explore variation in population gene expression across 
time and space, we investigated transcriptome-level profiles of the calanoid copepod Temora longicornis, that were collected at four different locations in the Belgian 
Part of the North Sea (BPNS) on three different time points (April, June, October) in 2018. RNA-seq analysis of field collected adults identified large seasonal 
differences in gene expression, mainly between spring-summer and autumn samples. The largest log-fold changes occurred in a set of genes encoding for ribosomal 
and myosin (heavy chain) transcripts. Enrichment analysis revealed a strong seasonal pattern in vitellogenin, cuticle and glycolytic gene expression as well. We also 
found a positive correlation between vitellogenin expression and densities of T. longicornis. No clear spatial variation in expression patterns was found in the BPNS. 
This study underlines the potential of field gene expression studies for biomonitoring purposes and the significance of considering seasonal variation in future studies.   
1. Introduction 
Marine ecosystems are being influenced by human induced impacts 
such as overfishing, coastal eutrophication, chemical pollution, oil/gas 
extraction and global change (Crain et al., 2009; Halpern et al., 2008; 
Zacharias and Gregr, 2005). Effective conservation and management 
requires understanding about why and when species cannot cope with 
abrupt or long-term changes in environmental conditions. Therefore, 
monitoring programs (such as the Continuous Plankton Recorder, CPR) 
have been carried out in the marine environment globally since the early 
20th century (e.g. Batten et al., 2003; O’Brien et al., 2017). In the 
Belgian Part of the North Sea (BPNS), recent mesoscale zooplankton 
surveys were carried out by Van Ginderdeuren et al. (2014), Deschutter 
et al. (2017) and the LifeWatch zooplankton surveys (Flanders Marine 
Institute, 2019a, 2019b), investigating zooplankton dynamics. Most 
zooplankton monitoring studies focus on variability in biodiversity and 
biomass (Chiba et al., 2018). However, the resulting data sets mainly 
focus on species richness, hence only giving limited insights to assess the 
impacts of the main drivers of changes in marine ecosystems. They 
provide no information on changes in behaviour, physiology or changes 
at the cellular or molecular level. 
Recent advances in RNA sequencing technologies allow researchers 
to investigate the interactions between genes and (human-driven) 
environmental changes (Ge et al., 2013; Hoffmann and Willi, 2008). In 
response to changes in their environment or to stressors, organisms elicit 
molecular mechanisms to maintain internal homeostasis by altering 
expression of genes involved in processes to continue normal metabolic 
functioning or, if needed, to protect and repair cellular structures. 
Signal-transduction pathways can translate extracellular signals into 
specific intracellular responses, including the launch of alternative gene 
expression programs to cope with new conditions (Lopez-Maury et al., 
2008). Changing environments and stressful conditions trigger gene 
expression and keep organisms ’on their toes’, as stress not only pro-
motes short-term adaptations but the resulting phenotypic plasticity 
(and stochasticity) of transcriptional responses seems to be a major 
driving force for evolutionary innovation (Lopez-Maury et al., 2008). 
Hence, changes in the abiotic environment can ultimately lead to 
population-level effects through their consequences for organismal 
physiology and fitness. Zooplanktonic organisms in particular can be 
exposed to (changes in) suboptimal conditions in their environment at 
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different stages in their lives, while being carried away by sea currents. 
Due to their ecological and economic importance, the impact of shifts in 
environmental conditions on the gene expression of zooplankton has 
already been investigated abundantly in the laboratory, but to a much 
more limited extent in the field (e.g. Chandramouli et al., 2015; Sem-
mouri et al., 2019, 2020; Smolina et al., 2015). Some studies have 
investigated relative gene expression in field-collected copepods to 
examine differences between diapausing and non-diapausing in-
dividuals, highlighting different gene expression patterns in different 
developmental stages (e.g. Aruda et al., 2011; Unal et al., 2013; Roncalli 
et al., 2020; Zhou et al., 2016). To the best of our knowledge, only one 
field study on copepods (Roncalli et al., 2019) tried to associate 
expression of genes with gradients in environmental conditions. As far as 
we know, no study has described temporal variation in the 
transcriptome-wide gene expression patterns of zooplankton, even 
though it is crucial to understand such patterns for monitoring purposes 
as well as to uncover seasonality in gene expression patterns. 
The Belgian part of the North Sea (BPNS) is part of the Southern 
Bight of the North Sea and covers 3447 square kilometres (Mortelmans 
et al., 2019). The entire area (Fig. 1) is characterized by a series of 
subtidal sandbank systems and shallow waters (up to 40 m) with pro-
nounced seasonal variability of abiotic factors such as light and tem-
perature (Mortelmans et al., 2019; Otto et al., 1990). Strong tidal 
currents and winds in this narrow corner of the North Sea result in an 
intense mixing of these waters (Otto et al., 1990). In this region, the 
calanoid copepod, Temora longicornis (Müller, 1785), is one of the 
dominant plankters throughout the year (Van Ginderdeuren et al., 
2014). There is no diapause in T. longicornis, although there is some 
literature regarding the production of resting (diapause) eggs (Castellani 
and Lucas, 2003; Martynova et al., 2008). Despite their abundance and 
ecological importance, very limited information is available at the mo-
lecular level for copepods, in particular concerning population structure 
and temporal and spatial patterns in gene expression. Yet, exploring the 
variation in population-wide gene expression in a changing environment 
is crucial for understanding the roles and mechanisms of gene expression 
in the adaptation of copepods to their environment. Therefore, this 
study aimed to investigate transcriptome-level profiles of adult 
T. longicornis that were collected at different locations in the BPNS at 
different time points. Our null hypothesis was that gene expression 
patterns would not differ within or between sites or over time. By 
updating an existing T. longicornis transcriptome, we investigated 
spatiotemporal patterns in the gene expression of T. longicornis. From 
these functional data, we aimed to identify the most active metabolic 
pathways and we tried to place these results into a broader context of 
physiological activities. 
2. Material & methods 
2.1. Sampling and animal acclimatization 
Zooplankton samples were collected with the research vessel (RV) 
Simon Stevin on three campaigns in 2018 (24th of April, 20th of June 
and 24th of October) at four stations in the Belgian part of the North Sea 
(BPNS). Stations were selected based on (1) feasibility of sampling, (2) 
their location (covering near-, mid- and offshore stations) and (3) on 
reported presence and density data from previous studies (Deschutter 
et al., 2017; Van Ginderdeuren et al., 2014). Within the BPNS one 
nearshore, one midshore and two offshore stations were selected: the 
near- and midshore stations were respectively, stations 130 and 230, 
being closely situated to the harbour of Ostend, Belgium (Fig. 1). The 
two offshore stations were station 215, on the Flemish banks in the 
western part of the BPNS, and the more eastern station 330 (Fig. 1). 
Exact GPS locations are provided in Table 1. At each sampling station, 
conductivity, temperature and depth profiles (CTD) data were collected 
with a Seabird 19plusV2 CTD (Flanders Marine Institute, 2019a, 2019b). 
The associated ECO FL fluorometer measured the fluorescence from 
(predominantly) chlorophyll-a, an indicator of active phytoplankton 
biomass and chlorophyll concentrations. Copepods were collected using 
a vertically towed WP2 net (200 μm mesh size). From each sample, 25 
adult (fully developed) and actively swimming (live) T. longicornis in-
dividuals were picked out in duplicates (two times 25 individuals, 
except for the October samples where only biological replicate could be 
picked out/sample) with a Pasteur pipette. Specimens were immediately 
after picking stored in Invitrogen™ RNAlater™ Stabilization Solution, at 
a temperature of   20 C, until they could be processed in the laboratory 
for RNA extraction. As handling the copepods affects specimen stress 
levels (and therefore may influence gene expression), we tried to mini-
mise handling time as much as possible: it took approximately five to 10 
min between each tow and storage in RNAlater. Due to time constraints 
and the requirement for specimens to be immobile for sex 
Fig. 1. Map showing sampling locations and names of stations in the Belgian Part of the North Sea. Bathymetry in meter (m). Modified from Mortelmans et al. (2019) 
with permission from the authors. 
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determination, sex ratio of the samples could not be determined. How-
ever, based on similar samples (same locations, sampling seasons and 
sampling strategy) in later sampling campaigns, we found F/M sex ratios 
ranging between 0.4 and 0.6. In the lab, the remainder of the 
zooplankton samples were characterized to the lowest taxonomic level 
possible, using a stereomicroscope (Leica MZ 10), and were used for 
calculation of population T. longicornis densities. 
2.2. RNA extraction, library preparation and sequencing 
Total RNA was extracted from the 25 pooled adult copepods in each 
sample using the Qiagen RNeasy kit and Qiashredder as per the manu-
facturer’s instructions (Qiagen, Antwerp, Belgium). RNA Quality was 
assessed with the NanoDropTM spectrophotometer (Version 2000c, 
Thermo ScientificTM, Thermo Fisher Scientific; quality criteria: 260/ 
280 ratio: 1.8–2.0, 260/230 ratio: 2.0–2.2). The amount of RNA in the 
replicates was determined by means of a QubitTM fluorometer (Version 
2.0, InvitrogenTM, Thermo Fisher Scientific). 10 μL of all samples was 
provided to NXTGNT lab (Faculty of Pharmaceutical Sciences, UGent) 
for library preparation and next generation sequencing. An Illumina 
mRNA sequencing library was made from 250 ng total RNA of each 
sample using the TruSeq Stranded mRNA Sample Prep Kit (Illumina, San 
Diego, USA) with 14 PCR cycles during the enrichment PCR and ac-
cording to manufacturer’s protocol. The size distribution, purity 
(absence of free adaptors) and quantity of the resulting libraries were 
measured using a High Sensitivity DNA chip (Agilent Technologies, 
Santa Clara, CA, US). The resulting libraries were purified by gel 
extraction to remove adapter dimers and short inserts using a 2% E-gel 
(Thermo Fisher Scientific, Carlsbad, California, USA) and a Zymo gel 
DNA recovery kit ((Zymo Research, Irvine, CA, USA.). The libraries were 
equimolarly pooled, gel-purified again and sequenced in one lane of an 
Illumina HiSeq 3000 flow cell, generating paired-end 2  150bp reads. 
After sequencing, the data were demultiplexed using the sample specific 
nucleotide barcodes. 
2.3. Sequence assembly and gene annotation 
First, the quality of the raw data was assessed with FastQC Version 
0.11.5 (Babraham Bioinformatics, 2010). Next, the sequences were 
subjected to adapter trimming and quality filtering (low-quality bases 
from ends of the reads) using TrimGalore Version 0.4.1 (Babraham 
Bioinformatics, 2012) with a threshold of an ASCII33 Phred quality 
score and a length threshold of 50 bp. The clean reads were combined 
with those obtained from Semmouri et al. (2019) and together assem-
bled using Trinity (Version 2.6.6, Grabherr et al., 2011), with default 
parameters and a minimum contig length of 200 bp, to update/improve 
the existing T. longicornis transcriptome. Next, all expressed transcripts 
were translated into potential proteins according to ORF prediction by 
TransDecoder v5.0.2 (Grabherr et al., 2011). By default, TransDecoder 
will identify ORFs that are at least 100 amino acids long. Transcripts 
without an ORF were filtered out of the transcriptome. Transcriptome 
assembly accuracy and completeness was analysed using BUSCO v3.1.0 
(Benchmarking Universal Single-Copy Orthologs; Sim~ao et al., 2015) 
against a set of 978 metazoan genes and a set of 1066 arthropod genes, 
selected from OrthoDB v9, to evaluate the quality of the final assembly. 
BUSCO is a recognized benchmark approach for single copy orthologs 
providing an assessment of orthologs conserved among species. Tran-
scripts with coding regions were annotated using BLASTx against the 
NCBI non-redundant (nr) arthropod protein database using BLAST2GO 
v5.2.0 (Conesa et al., 2005) to evaluate sequence similarity to genes in 
other species at the e-value cutoff of 1E-05. We also blasted (BLASTn, 
local, v. 2.7.1) these transcripts, at the e-value cutoff of 1E-05, against 
three other crustacean transcriptomes, more specifically those of the 
calanoid copepods Eurytemora affinis (Almada and Tarrant, 2016), Cal-
anus finmarchicus (Lenz et al., 2014) and as outgroup Daphnia magna 
(Orsini et al., 2016). Gene ontology (GO) terms were subsequently 
assigned by BLAST2GO, using the UniProtKB/Swiss-Prot database with 
default filtering parameters (Annotation cutoff 55, GO Weight 5) 
(Conesa et al., 2005). GO terms were subsequently assigned to metabolic 
pathways according to KEGG (Kyoto Encyclopedia of Genes and Ge-
nomes) mapping (Kanehisa et al., 2011). 
2.4. Exploratory analysis of RNA expression 
Hierarchical clustering, Principal component analysis (PCA) and 
Multidimensional scaling (MDS) were used to visualize and investigate 
the clustering of our data. As was done for differential gene expression 
analysis, data were normalized prior to clustering, here using the esti-
mateSizeFactors function of the DESeq package (Anders and Huber, 
2010). All following analyses in this section were performed on the 
normalized read counts that were log2 transformed, to prevent occlu-
sion of potentially informative data trends by the high variability of low 
read counts. A dendrogram of rlog-transformed read counts was 
generated in R using the functions cor(), as.dist(), and hclust() with the 
Pearson correlation coefficient used as (dis)similarity metric. The stan-
dard PCA function implemented in R/Bioconductor (prcomp) was 
applied. 
2.5. Differential expressed gene (DEG) analysis & enrichment analysis of 
DEGs 
The reference transcriptome index was constructed using Bowtie 
v2.3.2 (Langmead and Salzberg, 2012) using the constructed draft 
transcriptome as described in 2.3. Clean paired-end reads of each sample 
were aligned to the transcriptome using HISAT2 v2.1.0 using default 
parameters (Kim et al., 2015). BAM files from HISAT and a GTF file, 
constructed using Cufflinks and Cuffmerge v2.2.1 (Trapnell et al., 2013), 
were used as inputs for HTSeq v0.6.1 (Anders et al., 2015) to calculate 
gene counts with the “union” model using the Htseq-count function. 
These count files and the Bioconductor edgeR v3.12.1 package (Rob-
inson and Oshlack, 2010; Robinson et al., 2010) were used to normalize 
the gene counts, to estimate dispersion and to identify the differentially 
expressed transcripts. We first removed transcripts with expression 
levels below 1 count per million (1 cpm). This step was followed by 
normalization of the library sizes of the data using the “calcNormFactors 
(method  "TMM")” function (Robinson and Oshlack, 2010). To find 
genes that are DE between any of the time points (regardless of the 
sampling station), we performed a one-way ANOVA-like test in edgeR by 
Table 1 
Summary of Temora copepod sample collections in 2018, analysed for whole-organism patterns of gene expression using Illumina RNA-Seq.  
Station Latitude N Longitude E Date Depth (m) #biological replicates RNA seq Temora density (ind/m3) 
330 51.43333 2.808333 24/04/2018 21 2 117 
20/06/2018 18 2 890 
24/10/2018 19 1 6 
230 51.30833 2.85 20/06/2018 7 2 797 
24/10/2018 9 1 7 
130 51.27083 2.905 24/10/2018 7 1 8 
215 51.27667 2.613333 20/06/2018 18 2 1146 
24/10/2018 20 1 4  
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specifying multiple coefficients to a quasi-likelihood (QL) F-test with the 
“glmQLFit()” function. The GLM fit produces the overall expression 
strength of the gene and the log fold change (LFC) per group. Next, we 
used a paired-comparison approach. Four pairwise differential 
expressed gene (DEG) analyses were performed to study potential spe-
cific temporal patterns in gene expression: (1) the ‘June group’ vs. the 
‘April group’, regardless of sampling location, (2) the ‘October group’ vs. 
the ‘April group’, regardless of sampling location, (3) the ‘October 
group’ vs. the ‘June group’, regardless of sampling location, and (4) the 
‘June group’ vs. the ‘April group’ for station 330 (only two replicates per 
group). Three pairwise differential expressed gene (DEG) analyses were 
performed for the June samples to study spatial patterns in gene 
expression: (1) the ‘230 group’ vs. the ‘330 group’, (2) the ‘230 group’ 
vs. the ‘215 group’, and (3) the ‘330 group’ vs. the ‘215 group’ (with two 
replicates per group each). The differentially expressed transcripts were 
determined using a quasi-likelihood (QL) F-test with the “glmQLFit()” 
and “glmQLFTest()” functions and p-values were adjusted using the 
Benjamini-Hochberg false discovery rate (FDR) to account for multiple 
hypothesis testing (Benjamini and Hochberg, 1995). A gene was 
considered differentially expressed if its adjusted p-value (FDR) was 
below 0.05. 
Next, we performed a functional analysis by searching the DEGs 
against the GO annotated reference transcriptome. Gene ontology (GO) 
enrichment analysis on this filtered data set was conducted using the 
topGO v.2.37.0 bioconductor package in R (Alexa and Rahnenfuhrer, 
2019). The analysis was performed using the weight algorithm, 
employing the Fisher exact test with a p-value < 0.01 as a threshold for 
significant enriched GO terms, and this for each pairwise comparison 
(Fisher, 1922). To visualize and summarize the enrichment results, we 
implemented the reviGO software (Supek et al., 2011). For this analysis, 
a list of enriched GO terms (from each pairwise comparison) with their 
corresponding p-values was uploaded in reviGO (http://revigo.irb.hr) 
using a small similarity setting of 0.5. Based on the enrichment analyses, 
we also generated strip charts and heat maps for DEGs involved in 
metabolism related pathways (lipid metabolism and glycolysis) using 
the heatmap.2 function in R. Z-scores ((observed value   mean val-
ue)/standard deviation) were obtained by invoking the built-in function 
“scale” of the R software. 
Finally, the vegan package v.2.5–2 in R was used to generate ca-
nonical correspondence analysis (CCA) to visualize the relationships 
between the measured environmental conditions for each sample and 
the normalized gene counts of the significant differentially expressed 
transcripts (FDR <0.05). 
3. Results 
3.1. Environmental differences between the samples 
In line with our expectations, we observed seasonal and spatial 
variation in environmental parameters (Table 1, Figs. 2 and S1). Due to 
the shallow depth of the sampling stations, there are no or very limited 
stratification (vertical structure) patterns caused by temperature and/or 
salinity gradients in any of the stations (Fig. S1). Average temperatures 
ranged between 10 and 17 C (Fig. 2c), with lowest temperatures 
recorded in April and highest in June. Temperatures measured at the 
same time were similar across the sampling stations. Highest 
Fig. 2. Comparison of average (A) temperature, (B) conductivity, (C) salinity and (D) fluorescence as proxy for chlorophyll a across sampling stations and time 
points, measured by CTD and average over the whole water column. Fluorescence data for April is missing. Error bars indicate measured range over the 
water column. 
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fluorescence levels were measured in June at station 230, compared to 
October, implying the presence of a (local) phytoplankton bloom 
(Fig. 2D). 
3.2. Transcriptome assembly and annotation 
Twelve libraries of T. longicornis were successfully obtained from the 
Illumina Hiseq3000 platform. Clean sequencing reads and alignment 
statistics are shown in Table S1. Transcriptome assembly of the Illumina 
reads by Trinity generated 1,968,406 transcripts with an average length 
of 534 bp and an N50 of 640. Among these transcripts, TransDecoder 
identified 504,657 (25.6%) putative ORF transcripts that contain 
candidate coding regions without a stop codon in the nucleotide se-
quences (Table S1, Fig. S2). The other transcripts, which were not 
selected by TransDecoder, might have been alternative transcripts or 
transcripts that were too small to contain an ORF. From here on, tran-
scriptome refers to the selection of those transcripts with a putative ORF 
(i.e. 504,657 transcripts), which were used for further analyses. In the 
transcriptome, the average and median length of the transcripts were 
959 bp and 698 bp respectively, while the longest transcript was about 
22,763 bp long (Table S1). N50 was 1238 bp. The N50, the average 
contig length and the length of the longest transcript are comparable 
with other de novo copepod transcriptomes reported (Table 3 in Sem-
mouri et al., 2019). However, compared to these studies, we report so far 
the highest number of assembled transcripts. To estimate the 
completeness of the transcriptome quantitatively, we implemented a 
BUSCO assessment. Our assembly carries 100% (978 of 978) and 99.6% 
(1062 of 1066) BUSCOs for the metazoan and arthropod dataset, 
respectively (Table S2; Fig. S3). We compared our BUSCO results against 
the arthropod transcriptome reference scores provided in the BUSCO 
supplementary materials and several recently published crustacean 
transcriptomes (Fig. S3). Our numbers are comparable with well-studied 
arthropod species such as Apis mellifera and Drosophila melanogaster 
(Fig. S3). BUSCO statistics suggest that the T. longicornis transcriptome is 
of a similar or even better quality compared to other copepod tran-
scriptomes (Fig. S3), providing further support that this transcriptome 
can be confidently used for future studies. The high number of duplicate 
BUSCO genes (Table S2) suggests that the assembly is populated by 
many transcriptional variants or isoforms of the same core genes, as the 
biological material was obtained from a large number of animals. This 
would also explain the high number of assembled reads (1,968,406 
contigs), which is much more compared to other transcriptomes (Table 3 
in Semmouri et al., 2019). BUSCO analysis also suggests that these 
contigs are not fragmented, i.e. these contigs are not subsequences of the 
underlying true transcripts), suggesting that a biological (and not a 
technical) factor explains the higher assembly number. As duplicate 
reads may arise from highly expressed genes and may have biological 
significance, they were not removed (Parekh et al., 2015). 
BLAST analysis found that 360,777 transcripts (71%) had positive 
matches (e-value < 1E-05) to homologous genes of other species 
(Fig. S4, Table S2). Most are related to those of the close related calanoid 
Eurytemora affinis and of the intertidal harpacticoid Tigriopus japonicus 
(Fig. S4). In total 214,929 (42%) transcripts could be annotated against 
UniProt (Table S2). The majority of these GO terms were assigned to 
molecular functions (MF, 240,599 hits), followed by biological pro-
cesses (BP, 136,887 hits) and cellular component (CC, 69,255 hits). All 
the results of GO analysis were analysed over the second level, and GO 
terms related to the three GO categories (BP, CC, and MF) are incorpo-
rated in Fig. S5. Analysis of the KEGG pathways showed that most an-
notated sequences were related to metabolic pathways, including 
purine, thiamine and glycolytic metabolism (Table S3). 
3.3. Gene expression profiling 
Hierarchical clustering, Principle component analysis (PCA) and 
Multidimensional scaling (MDS) were used to visualize and investigate 
the clustering of our data. Hierarchical clustering based on distances 
between log-transformed read counts showed a clear separation be-
tween the October samples and the summer-spring samples (Fig. 3; 
Fig. S6). PCA and MDS confirmed clustering of June and April samples 
apart from the October samples, in agreement with the Spearman’s hi-
erarchical clustering analysis (Fig. 3B; S6). Along the second PCA axis, a 
secondary distinction can be made among one sample taken at station 
215 in June and the remainder of the spring-summer samples. Clustering 
the twelve samples by sampling location (meaning samples taken at 
same location and at same time (June), were treated as replicates) in the 
second MDS plot segregates no meaningful distinct groups (Fig. S6). 
3.3.1. Differences in gene expression among sampling stations 
Confirming the clustering analyses, no DEGS were found (GLM; FDR 
corrected p-value < 0.05) for all three analyses, comparing gene 
expression between stations 215, 230 and 330 in June. 
3.3.2. Differences in gene expression at different sampling time points 
Clustering the twelve samples by time (meaning samples taken at 
same time point were treated as replicates, regardless of sampling sta-
tion) segregates two main groups: group 1 including the spring and 
summer samples and group 2 including the October samples (Fig. 3). 
These results were mirrored in the DEG analyses. When comparing the 
samples overall for time, we identified 18,648 differentially expressed 
transcripts (GLM, p < 0.05 after FDR correction). Relative expression of 
the top 40 annotated DEGs is shown in a heatmap of z-scores in Fig. 4. 
Pairwise comparisons between time points confirmed the segregation 
revealed in the PCA plot (Fig. 3): we identified only 18 differentially 
expressed transcripts at a FDR of 0.05 in copepods, when comparing the 
June samples with the April group (Fig. 4). In contrast, 17,108 (down – 
5095; up – 12,013) transcripts and 19,778 (down – 6590; up – 13,188) 
transcripts were found to be significantly up- or down-regulated when 
comparing the “October group” to the “April” and “June group”, 
respectively. When comparing gene expression patterns, for station 330 
specifically, across time (April samples versus June samples), no DEGS 
(pairwise GLM; FDR corrected p-value < 0.05) could be identified. 
Next, we conducted GO enrichment analyses across the different 
analyses to identify the differentially regulated biological functions and 
mechanisms. Three GO terms “myosin complex” [GO:0016459], “motor 
activity” [GO:0003774] and “ATP binding” [GO:0005524] were found 
to be enriched for the April–June comparison (Table S4). These three GO 
terms were also found to be enriched in the other two temporal pair-wise 
comparisons. In total, gene ontology analysis revealed 81 and 72 
enriched GO terms for the April–October comparison and the June-
–October comparison, respectively, of which 55 terms were shared 
among the two comparisons (Table S5; Table S6). Enrichment analyses 
indicated that DEGs were mostly associated with molecular functions 
and biological processes, with ribosome and energy related terms being 
the most prominent. Enrichment analyses of the annotated DEGs, 
identified from pairwise comparisons (glmLRT) from the latter two an-
alyses were followed by a reviGO summarization analysis (Fig. S7). 
We investigated expression patterns of specific groups of genes 
involved in metabolic pathways, such as glycolysis and lipid meta-
bolism, since the enrichment analyses indicated large temporal differ-
ences in expression (Tables S4, S5, S6). Glycolysis for example was an 
overrepresented process among the DEGS in two of the three temporal 
pairwise comparisons in this study. A total of 85 genes, which were 
involved in glycolysis, as depicted in Fig. 5 and in the heatmap (Fig. S9), 
showed a temporal effect. A majority of glycolytic genes (mainly kinase 
and dehydrogenase genes) were up-regulated in the October samples, 
compared to the April/June samples. Lipid metabolism, more specif-
ically lipid transport, was also identified as enriched. Relative expres-
sion of DEGs involved in lipid transport is shown in Fig. 6 and suppl. 
Fig. 10. The majority of annotated genes of the lipid transport class were 
vitellogenins, showing a clear seasonal pattern, with a majority of the 
DEGs being upregulated in the spring and summer samples (Figs. 6 and 
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S10). Finally, 75 DEGS could be identified to be involved in the enriched 
molecular function “structural constituent of cuticle” (Fig. 7; Fig. S11). A 
significant higher expression (p < 0.05) was found in samples from 
October for a majority of the genes (mainly cuticle genes), although 
some of the cuticle genes were upregulated in April and/or June (Fig. 7). 
Canonical correspondence analysis was used to determine whether 
environmental variables contributed to the observed shifts in gene 
expression (Fig. 8). The total inertia of the plot was 2.582; of this the 
constrained inertia was 1.477 (57.22%). A total of 64.3% of the con-
strained inertia was expressed by the CCA1 axis, while CCA2 captured a 
further 18.3%. The CCA1 axis separates October samples from the 
spring/summer samples and was strongly correlated with measured 
densities, but to a lesser degree with salinity, conductivity and tem-
perature measurements (Fig. 8). We also found a positive correlation 
between vitellogenin expression and densities (R2  0.4437, p  1.01 
10  64; Fig. 9). 
Fig. 3. Assessing intersample variability. (A) Heatmap showing the pair-wise distances of the transformed count matrix. (B) Principal component analysis (PCA) plot 
displaying all 12 samples along PC1 and PC2, which describe 61% and 13% of the variability, respectively, within the expression data set. PC analysis was applied to 
normalized and log-transformed count data. 
Fig. 4. Heat map showing patterns of gene expres-
sion in adult T. longicornis from four sampling loca-
tions at 3 different time points. Each column indicates 
a different sample. Relative expression shown as z- 
scores of the top 40 differentially expressed genes 
with annotations (DEGs were identified by a GLM test 
with p  0.05 after FDR correction). Genes and 
samples were ordered by similarity of expression 
pattern as shown by both dendrograms. Accompa-
nying heat map with full annotation and transcript 
names is available in Supplementary Data (Fig. S8).   
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4. Discussion 
Expression monitoring, in which the transcript levels of genes are 
measured in different environmental and/or physiological conditions to 
search for regulatory expression patterns (Celis et al., 2000), is poten-
tially useful for fast and cost-effective biomonitoring purposes. Here, we 
applied RNA sequencing to gain insight into the spatiotemporal 
expression patterns of the pelagic copepod T. longicornis in a changing 
North Sea. In contrast to our expectations, we did not find a spatial 
pattern (no DEGs) in the gene expression profile of T. longicornis in the 
BPNS. Yet, Deschutter et al. (2019) recorded spatial patterns of the fatty 
acid (FA) composition of T. longicornis and did find distinct longitudinal 
differences in fatty acid profiles within the BPNS. Moreover, based on a 
combination of density and diversity data, Van Ginderdeuren et al. 
(2014) also did find distinct spatial distribution patterns in meso-
zooplankton, with highest densities found midshore, followed by near-
shore and offshore samples, respectively. For T. longicornis in particular, 
densities were found to peak in midshore stations (Van Ginderdeuren 
et al., 2014), indicating there are likely environmental factors explain-
ing these spatial patterns, and, hence, possibly in gene expression as 
well. We should note that due to the chosen design of our study, we 
could only study spatiality in gene expression at one time point (June). 
Studying the PCA plot (Fig. 3), indicates there is more variation in gene 
expression among October samples than in June. While similar studies 
are scarce, there is one recent study by Roncalli et al. (2019) who studies 
spatial gene expression patterns in the calanoid copepod Neocalanus 
flemingeri. They found large regional differences in metabolic and 
developmental processes in field-collected pre-adult copepods in the 
Gulf of Alaska in May 2015.While the geographic range of their study 
covers hundreds of kilometers, the sampling stations in our study are 
situated at less than 20 km from each other (Fig. 1). Moreover, the BPNS 
is well mixed (Otto et al., 1990), yet the Gulf of Alaska is characterized 
by steep gradients in physical and chemical parameters. In June, dif-
ferences in environmental conditions between the sampling stations 
were more nuanced (Fig. 2). Nevertheless, it remains crucial for future 
studies to investigate spatial patterns in gene expression. 
Transcriptional profiling demonstrated patterns with large differ-
ences in gene expression among samples along a temporal gradient, with 
the highest amount of DEGS being different between the April/June and 
October samples, suggesting a physiological adaptation to the different 
environmental conditions of each season. We also found temporal pat-
terns in the densities of T. longicornis (Table 1). While being all year- 
round present in the BPNS, long-term monitoring indicates that 
T. longicornis abundances peak in spring, with maximum densities of 
973  133 ind m  3 being reported (Van Ginderdeuren et al., 2014; 
Deschutter et al., 2017), hence agreeing with our data. Up-regulation of 
vitellogenin (Vtg) genes in April and June individuals compared to 
October (Figs. 6, 9, S10) might be consistent with increasing trends in 
population density (Table 1), as vitellogenin is known to plays a key role 
in reproduction. Vitellogenin is the primary precursor of egg-yolk pro-
teins (vitellin), which provide an energy storage for embryonic devel-
opment in oviparous organisms (Matozzo et al., 2019). Moreover, 
induction of Vtg levels has been found to increase as females sexually 
mature, while showing low or undetectable levels in juveniles and males 
(Hwang et al., 2010). Both vitellogenin expression and Temora densities 
were low in October, suggesting limited reproduction in autumn. 
Coastal marine copepods such as Temora longicornis mate repeatedly 
throughout their lifetime to continuously extrude fertilized eggs during 
the year (Lasley-Rasher et al., 2014). This is in sharp contrast to pelagic 
(sub)arctic copepods, such as Neocalanus flemingeri, which depend on a 
Fig. 5. Strip chart showing gene expression patterns of significantly differentially expressed genes involved in ‘glycolysis’ [GO:0006096] in T. longicornis. Trinity ID 
and enzyme name is listed on the left of the graph. Accompanying heat map can be found in Supplementary data (Fig. S9). 
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short annual phytoplankton bloom to acquire the energy needed to 
support spawning after a 5–7 months period of diapause (Roncalli et al., 
2020). As a consequence, vitellogenesis in this species is restricted in 
time and a significant vtg upregulation only occurs in pre-spawning 
females (Roncalli et al., 2020). In T. longicornis, nauplius and copepo-
dite stages can be found throughout the year, although in different 
densities according to the season (Deschutter et al., 2019). In studies by 
Van Rijswijk et al. (1989) and Deschutter et al. (2019) in the Ooster-
schelde estuary and the BPNS, respectively, daily egg production rates of 
T. longicornis were found to be highest in spring (End of April – end of 
June) and were shown to increase with temperature in the range of 3 
C–15 C when algal food was present in excess, agreeing with our 
findings. 
Among the top differentially expressed genes were myosin heavy 
chain genes and ribosomal genes (Fig. 5). Functions of myosin heavy 
chain (MYH) family genes are poorly understood in arthropods (Li et al., 
2019). Li et al. (2019) could indicate an association with developmental 
stages, such as metamorphosis and reproduction, in the red flour beetle 
(Tribolium castaneum). Nilsson et al. (2018) found a significant 
up-regulation of MYH genes in the calanoid Acartia tonsa after a 
short-term and a long-term exposure to a salinity shock. 
Agreeing with the DEG analyses, enrichment analyses revealed that 
mainly genes involved in mobilisation of energy reserves (e.g. enriched 
GO terms “ATP metabolic process”, “lipid transport”, “glycogen syn-
thase activity”, “glycolysis”, “NADH dehydrogenase activity”) appear to 
be essential components in the adaptation of T. longicornis to its envi-
ronment. DEG analyses revealed a significant up-regulation for tran-
scripts encoding for enolase, aldolase, glyceraldehyde 3-phosphate 
dehydrogenase and other enzymes of the glycolytic and aerobic 
respiration pathway in the October samples, possibly to meet an 
increased energy demand. T. longicornis has high metabolic re-
quirements, low energy reserves (low lipid content) and a short gener-
ation time, investing most of the available energy directly into growth 
and reproduction (Deschutter et al., 2019; Helland et al., 2003). Previ-
ous laboratory studies in arthropods found a potential link with the 
upregulation of transcripts involved in the energy metabolism with an 
increase of water temperatures (e.g. Harms et al., 2014; Semmouri et al., 
2019). Moreover, a previous meta-transcriptomic study by Semmouri 
et al. (2020) also found these transcripts abundantly expressed in a 
zooplankton sample taken at the end of September, agreeing with our 
data. A possible explanation for the abundantly expressed glycolytic 
enzymes in October samples is that the copepods require additional 
energy because of warmer water temperatures in September and August 
(ranging between 17.10 and 19.42 C) and that they are still expressing 
this signal in October (Flanders Marine Institute (VLIZ), Belgium, 2019a, 
2019b). Roncalli et al. (2019), however, could correlate phytoplankton 
abundances with gene expression for genes involved in the lipid, car-
bohydrate and protein metabolism. Our dataset is not sufficient to make 
any profound statements on the relation between phytoplankton den-
sities and gene expression patterns. As mentioned earlier, continuous 
reproduction allows T. longicornis to respond faster to increased food 
levels. Hence when a diatom bloom starts in spring, this species is able to 
take optimal advantage of this sudden increase in food levels, confirmed 
by peaks in reproduction in spring and summer (Deschutter et al., 2019; 
Halsband and Hirche, 2001). 
Enrichment analysis also revealed an overrepresentation of genes 
involved with the structural constituent of the cuticle (Fig. 4, Fig. S11). 
Cuticle protein transcripts have been found DE after thermal exposure in 
Fig. 6. Strip chart showing gene expression patterns of significantly differentially expressed Vitellogenin genes in T. longicornis (as part of the enriched GO term ‘lipid 
transport’ [GO:0006869]). Trinity ID is listed on the left of the graph. Accompanying heat map can be found in Supplementary data (Fig. S10). 
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several studies as well as exposure to other stressors, e.g. in a previous 
T. longicornis laboratory study (Semmouri et al., 2019), but as well in the 
cladoceran Daphnia magna (Asselman et al., 2019), Drosophila species 
(Zhao et al., 2015), etc. As the adult form is the terminal molt, it is 
unlikely that the differential expression in October is related to cuticle 
formation. We do not know the exact function of these cuticular gene-
s/proteins in copepods in response to thermal stress, but it is possible 
that cuticle associated proteins are part of the thermal response in 
arthropods (Lima and Willett, 2017) or as components of the innate 
immune system (McTaggart et al., 2015). 
A complication of interpreting transcriptomic responses is that they 
are largely “upstream” of traits that will affect fitness (DeBiasse and 
Kelly, 2015). Because transcriptomic data are highly multivariate, it is 
often difficult to draw causal linkages between components of the 
transcriptome and those aspects of the organismal phenotype more 
directly tied to fitness. Future studies should try to measure 
Fig. 7. Strip chart showing gene expression patterns of significantly differentially expressed cuticle genes [GO: 0042302] in T. longicornis. Trinity ID is listed on the 
left of the graph. Accompanying heat map can be found in Supplementary data (Fig. S11). 
Fig. 8. Canonical correspondence analysis (CCA) plot of differential transcript expression showing explanatory environmental variables. Each point represents one 
sample. Arrows show quantitative explanatory environmental variables with arrowheads indicating their direction of increase. 
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physiological response variables, such as respiration rates, to link these 
with to the transcriptomic responses to environmental stressors. The 
transcriptome data described in this study provides a first resource that 
uncovers spatiotemporal trends in the gene expression of T. longicornis, 
with a limited dataset. Future efforts should focus on different timescales 
and repeated sampling to enable a more complete description of fluc-
tuations and trends in gene expression in response to different 
conditions. 
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